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Critical Data for Critical Care: A Primer on
Leveraging Electronic Health Record Data
for Research From Society of Critical Care
Medicine’s Panel on Data Sharing and

Harmonization

ABSTRACT: A growing body of critical care research draws on real-world data
from electronic health records (EHRs). The bedside clinician has myriad data
sources to aid in clinical decision-making, but the lack of data sharing and harmo-
nization standards leaves much of this data out of reach for multi-institution critical
care research. The Society of Critical Care Medicine (SCCM) Discovery Data
Science Campaign convened a panel of critical care and data science experts to
explore and document unique advantages and opportunities for leveraging EHR
data in critical care research. This article reviews and illustrates six organizing top-
ics (data domains and common data elements; data harmonization; data quality;
data interoperability and digital infrastructure; data access, sharing, and govern-
ance; and ethics and equity) as a data science primer for critical care research-
ers, laying a foundation for future publications from the SCCM Discovery Data
Harmonization and Sharing Guiding Principles Panel.

KEYWORDS: common data elements; data governance; data quality; electronic
health record; interoperability

atients in the ICU generate massive quantities of data with “high throughput”

data sources (e.g., ventilators, arterial lines) generating a continuous stream

of measurements and waveforms, often represented differently across
healthcare and electronic health record (EHR) systems. The need for rapid deci-
sion-making combined with the technological advancements in data science within
healthcare are creating new opportunities, as well as challenges, for clinicians and
researchers (1-3). Effective and efficient analysis of EHR data requires founda-
tional knowledge and understanding of the application of key principles governing
data implementation (4). Broad frameworks for data management and govern-
ance exist and should be referenced for general guidance, especially the Findability,
Accessibility, Interoperability, and Reusability guiding principles (5).

Many clinicians are familiar with EHR interfaces, which allow them to view
information about their patients’ care at other health systems (6, 7). Ideally,
these interfaces would be real-time, ubiquitous, and accessible across the con-
tinuum of care (8), but more than half of U.S. hospitals report limitations in
exchanging data to support clinical care due to limitations of EHR platforms
(9). These challenges are not limited to clinical care and may;, in fact, be exacer-
bated when sharing data for research (7, 10, 11). Furthermore, patients are sup-
portive of their healthcare data being used to improve care and understanding
of clinical processes (12), provided such use addresses specific, and justifiable,
concerns about privacy and oversight (13).
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The Society of Critical Care Medicine (SCCM)
Discovery has launched the Data Science Campaign
(DSC), an ambitious initiative aimed at improving out-
comes for critically ill patients through the strategic use
of large-scale data. At the heart of the DSC is the belief
that data, when properly harnessed, has the potential
to revolutionize critical care. Discovery has convened
the Panel on Data Sharing and Harmonization (PDSH)
to explore available evidence and curate guidance for
the extraction, use, and sharing of patient-level data
(Fig. 1). In this article, we present and discuss six top-
ics identified and defined through the DSC as foun-
dational to the generation of guiding principles, along
with consensus definitions from the PDSH leads and
selected examples of existing data management and
use principles and tools. Here, we provide the context
and framework that fosters understanding of data sci-
ence principles for critical care clinicians and research-
ers as a primer for subsequent publications from the
DSC.

METHODS

Throughout a series of DSC meetings, both in-person
and virtual, this formative evaluation sought to cap-
ture, analyze, and report perspectives of participat-
ing subject matter expert (SME) on data science in
critical care practice and research in a conceptual

framework as part of a modified Delphi (14-16). The
DSC convened a panel of SMEs representing crit-
ical care clinicians, data scientists, ethicists, industry
representatives, and patient advocates. Supported by
a Delphi methodologist and librarians, the PDSH
deliberated use cases, unmet needs, and opportuni-
ties for data science throughout critical care practice
and research. Participant perspectives were captured
through meeting recordings, field notes, and un-
structured interviews. Rapid evaluation and assess-
ment methodologies (REAM) were applied to identify
themes, topics, and core concepts from stakeholder
perspectives. REAM provides a systematic approach
to balancing efficiency and validity when time con-
straints are present (17, 18).

SME with specific expertise in clinical informatics
and advanced analytics (including causal inference
and machine learning), as well as insight into the op-
erational goals of the DSC, conducted independent
analyses of stakeholder perspectives. Findings were
combined into a draft conceptual framework, which
included thematic topics and definitions. The frame-
work was refined through iterative rounds of member
checking with the PDSH to improve validity and rep-
resentativeness (19).

The PDSH unanimously adopted and leveraged
the framework to conduct a modified Delphi seek-
ing to identify guiding principles for data sharing and

Discovery

Oversight
Committee

Panel on Data

Sharing and
Harmonization

Figure 1. Organizational chart of Society of Critical Care Medicine Discovery and working groups of the Data Science Campaign. The
Panel on Data Sharing and Harmonization formed to address needs identified by the Data, Outcomes, and Definitions Workgroup.
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harmonization in critical care practice and research.
The modified Delphi and guiding principles will be re-
ported in full in a subsequent publication.

FINDINGS

The conceptual framework of organizing topics and
consensus definitions as adopted by the PDSH is pre-
sented in Table 1.

To facilitate large, multicenter studies and research
that examines the continuum of care (e.g., post-ICU
outcomes), we need a process to transform data to
conform with agreed-upon standard definitions so
that researchers can confidently analyze data from
multiple institutions together and support the de-
ployment of advanced, validated machine learning
tools. Common data elements (CDEs) are standard-
ized concepts in data science organized into data
domains, and the process of transforming data into
such a standardized structure is “data harmonization”
Harmonized data allows for the application of con-
sistent “data quality” assessments and development
of a shared understanding of data limitations that
might affect analyses, and critically supports rigorous
and reproducible analytics across sites and sources. A
system of digital infrastructure designed to promote
the adoption of CDEs, data harmonization processes,
and meaningful data quality assessments is consid-
ered to be “interoperable” Facilitating access to data

TABLE 1.

requires a coordinated process for “data access and
sharing” by multiple stakeholders, often called a gov-
ernance structure. Finally, each of these topics must
be informed by a robust framework for “ethics and
equity.”

Data Domains and Common Data Elements

Data domains are groups of variables or concepts that
are further refined into CDEs that help provide orga-
nization and structure to a data collection effort. Some
domains are easily defined, such as demographics and
anthropometrics, and the data elements included in
such domains are readily agreed upon (e.g., age, height,
weight) even if the specific definitions and coding of
values are not (e.g., race and ethnicity). Other domains
may include laboratory tests, clinical measurements,
or comorbidities. Specific variables may prove chal-
lenging to organize into such domains due to overlap
(e.g., Acute Physiology and Chronic Health Evaluation
score) and variation in representation across EHR sys-
tems. There may also be ethical and epistemological
implications in organizing other data elements into
such domains, such as if pregnancy is considered a co-
morbidity. In the EHR, variables are subset into dis-
tinct data concepts that may be collected repeatedly
(e.g., daily weights) and associated with date and time
stamps. Table 2 includes definitions and examples of
these tiers of variable attributes developed to parse

Organizing Topics Identified by the Data Harmonization and Sharing Guiding Principles

Panel With Consensus Definitions

Topic Definition

Data domains and common
data elements

Data harmonization

Subject areas (domains), organizing concepts (variables), and specifically operationalized
definitions (common data elements) with a fit-for-purpose degree of specificity

The process of transforming and mapping data to conform with a standardized structure (i.e.,

data domains and common data elements) such as a common data model

Data quality

Measures and measurement of limitations of a dataset that might impact or affect analyses,

including plausibility of values and conformance to standards

Interoperability and digital
infrastructure

Data access, sharing, and

governance from different sources

Ethics and equity

The systems that promote the capture and exchange of data and metadata and platforms that
facilitate the adoption of common data elements, data harmonization processes, and mean-
ingful data quality assessments

The rules, regulations, and processes dictating how stakeholders contribute and obtain data

Philosophical considerations and principles promoting fairness throughout all aspects of

gathering, collecting, sharing, and using data as well as ensuring balanced and appropriate
interpretation of any results and findings

Critical Care Explorations
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TABLE 2.
The Tiers of Variable Attributes
Attribute Definition Example
Data domain A broad category of variables and data Vital signs Anthropometrics
elements organized around a section of and
data elements demographics
Subdomain Smaller group of variables within a domain Blood pressure Demographics
Concept Specific measurement or variable Mean arterial pressure Age

Common data
element

Concept with defined framework for
collection including temporality and
plausibility rules

Lowest mean arterial pressure in first
24 hr of ICU admission measured by
arterial line

Patient age in
years at time of
ICU admission

the categorizations and provide a shared terminology
across DSC publications.

In preparation for data collection as part of a case
report form (CRF) or registry, researchers need to add
more specificity to a variable or concept and develop
a CDE. The CDE provides a standardized definition
of a given variable including the “identifier” or what
is being measured, the “unit(s)” of measurement,
other “elements” or aspects of the measurement (e.g.,
temporality of collection), and contextual factors or
“metadata” (20) which help interpret the measure-
ment (e.g., normal physiologic ranges, devices used,
method of collection). These components are organ-
ized into micro-schemas, which help ensure a given
measure is fully captured with any other information
that might influence the CDE’s meaning. For example,
a study exploring metabolic syndrome in patients with
acute COVID-19 infections faced a significant limita-
tion around one of the key independent variables, tri-
glyceride levels (TGLs), which can be falsely elevated
in patients receiving propofol (21). The original CRF
did not capture the temporal relationship between
TGL and propofol administration. To conduct mean-
ingful analysis, the study team had to collect addi-
tional information according to the CDE: Triglyceride
measured in mg/dL collected before the first adminis-
tration of propofol. This microschema is illustrated in
Figure 2.

CDE:s should build on vocabulary standards widely
adopted on the basis of community consensus (e.g.,
Prescription Norm [RxNorm], Logical Observation
Identifiers Names and Codes [LOINC]) (22, 23)
or through regulation or policy (e.g., International
Classification of Diseases, Current Procedural
Terminology). In the use case above, triglyceride

4 www.ccejournal.org

could be linked to the LOINC 2571-8 and propo-
fol to the RxNorm notation 8782. Such standards are
maintained and updated frequently through discus-
sion forums, policy updates, and refinement through
peer reviewed publication. While consensus is devel-
oping for CDE in many specific critical care conditions
(e.g., stroke, trauma) (24, 25) and populations (e.g.,
pediatrics) (26), the critical care community has yet
to coalesce robust standards for core ICU data com-
mon across the breadth of the field. SCCM Discovery,
uniquely positioned to foster crucial conversations
and debates, can only achieve consensus through sus-
tained and meaningful engagement from its diverse
stakeholders, including patients, advocacy groups, ac-
ademic and hospital leaders, industry representatives,
medical societies, government officials, researchers,
and clinicians.

Data Harmonization

Data harmonization is the process of mapping
data from disparate data sources to conform with
a given data standard. Such standards are often
called common data models (CDMs) and include
both an overarching schema as well as value sets
defining clinical data elements. Readers may be fa-
miliar with standards established by: 1) the Patient-
Centered Outcomes Research Institute (PCORnet),
a data model originally based on the Mini-Sentinel
CDM that is designed for patient-centered clinical
effectiveness research (27, 28); 2) Informatics for
Integrating Biology and the Bedside (i2b2), a data
model based on a star schema containing a central
fact table made up by observations about a patient,
supporting querying patient-level data based on

November 2024 « Volume 6 « Number 11
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Microschema
of a Common
Data Elemerit

Element:
When is it being measured
(e.g., Date/time stamps)

Metadata:

to interpret the measurement

Other events/factors/information needed

(e.g., Date/ftime, dose of propofol administration)

model will support the
contextualization of clin-
ical events, treatments,
and assessments. Value
set mapping is the process
of harmonizing concepts
and elements from dif-
ferent schemas (e.g., race
categories may be differ-
ent across sources, have
different labels, or may
be derived from different
terminologies). Identifier
mapping involves term-
to-term mapping to de-
termine equivalency or
relationships (35, 36).
Researchers often merge
multiple datasets or reg-
istries to provide larger or
more diverse samples for
analysis, but many stud-

Figure 2. Example micro schema of a common data element (CDE) including components,
aspects, and metadata of triglyceride measurement as captured in Denson et al (21). A plain-
language definition of the CDE might be “Triglyceride as measured in mg/dL collected prior to the

first administration of propofol”

specific criteria at local institutions (29, 30); or 3)
the Clinical Data Interchange Standards Consortium
Study Data Tabulation Model (CDISC SDTM), a data
model built around the concept of observations col-
lected about subjects who participated in a clinical
study (31, 32). Pre-configured rules systems provide
more robust definitions and ontologies defining the
structure and relationship between data elements.
For example, the Observational Medical Outcomes
Partnership (OMOP) promotes harmonization while
preserving the granularity of source EHR data (i.e.,
the microschema including metadata) (33, 34). These
standards can be powerful tools for all data needs;
however, processing data into this format takes more
computational time, increasing data latency, or the
time between generation of data and availability for
secondary use.

Broadly, data harmonization occurs in three
tiers: model alignment, value set mapping, and
identifier mapping. Model alignment involves the
mapping of schemas, or the interconnections of dif-
ferent tables in the dataset. A well-developed data

Critical Care Explorations

ies still have significant
limitations (Table 3); for
example, multiple datas-
ets may contain the same
measure with different names and these may need
to be reconciled through microschema and/or iden-
tifier mapping.

Researchers should understand that dataharmoniza-
tion standards are often designed for specific use cases.
For example, CDISC SDTM is primarily designed for
the representation of data from clinical trials for reg-
ulatory submission purposes, while the OMOP CDM
is designed for the analysis of observational health-
care data from real-world sources. The optimal use of
these standards depends on the nature of the data as
well as the objectives of the research or analysis (37).
Alternatively, the Fast Healthcare Interoperability
Resources (FHIR) is an exchange standard that sup-
ports exchange of electronic healthcare data across
different systems using community-specific specifica-
tions with so-called “implementation guides” When
combined with a standard such as OMOP, both data
science and application deployment research can be
supported (Fig. 3) (38). A simple, albeit imperfect,
metaphor could be the invention of the telephone. It is
certainly a lot faster to share information with someone

www.ccejournal.org 5
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TABLE 3.
Example Challenge in Harmonizing Data Elements Across Datasets
Variable Name Definition Source
DM A disease in which the body does not control the amount  Unified Medical Language

of glucose (a type of sugar) in the blood and the

System (23)

kidneys make a large amount of urine. This disease
occurs when the body does not make enough insulin or
does not use it the way it should

DM, with further classification
as type 1 DM, type 2 DM,
and gestational diabetes

notes, and ICD codes

DM due to underlying condition E08.9 is a billable/specific ICD-10, Clinical Modification

without complications code

Type 1 or type 2 DM

DM-Data Automation
Definition

Fasting plasma glucose > 7.0 mmol/L (126mg/dL) or 2-hr
plasma glucose > 11.1 mmol/L (200mg/dL) and deter-
mined according to electronic health records, physician

Requiring oral or subcutaneous treatment

Viral Infection and Respiratory
lliness Universal Study
COVID-19 Registry (24)

John Hopkins COVID-19
Precision Medicine Analytics
Platform Registry (25)

International Severe Acute
Respiratory and emerging
Infection Consortium (26)

Hemoglobin A1c > 6.5 and/or ICD-10 codes (e.g., E8, E9, CURE ID (27)
E10, E11, E13, or E14) for DM

DM = diabetes mellitus, ICD-10 = International Classification of Diseases, 10th Edition.

on the telephone (i.e., FHIR) than via telegram, but if
one person speaks Mandarin (e.g., Epic) and the other
speaks German (e.g., Cerner), the conversation will
not be very productive. If we hire an interpreter (i.e.,
adopt a CDM or preconfigured rules system), the con-
versation may be slower, but we will finally understand
each other. It is important to note, however, that an in-
terpreter can introduce bias, so a robust data harmo-
nization effort should preserve the original data and
clear documentation of all transformations (i.e., data
provenance) to ensure data users can assess for bias
independently.

Throughout any harmonization effort, it is essential
to maintain comprehensive documentation of prove-
nance, a clear accounting of the source, transforma-
tion, and translation of a piece of data (35).

Even with the advanced terminology, vocabular-
ies, and ontology captured in solutions like i2b2,
PCORnet, and OMOP, significant gaps exist for crit-
ical care data. Data standards do not exist for many
of the high-throughput data sources and a number
of variables and data elements available in ICUs.
Critical care experts must collaborate with data sci-
entists to bridge this gap and provide a strong foun-
dation of data standards to support development of
CDE.

6 www.ccejournal.org

Data Quality

Assessing the quality of a given dataset often depends
on the context. Quality is defined by the data’s fit for
its intended uses, while data integrity refers to the ac-
curacy and consistency of the data over its life cycle.
Inextricably linked with data quality is the notion of
bias: systematic misrepresentations, mis-categoriza-
tions, or mis-interpretations of data or results that dis-
advantage certain groups of people (39). These may
result from the perceptions of patients or clinicians
or even from scientific literature. For instance, docu-
mented biases in healthcare results in Black women’s
pain being under-recognized, and race-based adjust-
ments in kidney function tests disproportionately re-
strict kidney failure treatments for African American
patients (40). The idea that data quality tests could
or should eliminate all biases should be dismissed.
Instead, clinicians and researchers should look for
meaningful data quality assessments that fully articu-
late the limitations and potential biases of all datasets
used in a given critical care context. Clinical domain
experts must be vigilant and partner with data sci-
entists to carefully define what constitutes bias and
optimize data quality assessments in their specific
analytical contexts. Conversely, data scientists and

November 2024 « Volume 6 « Number 11
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Figure 3. Both common data models (CDMs) and Fast Healthcare Int

are necessary for interoperability and cross-site analytics. Patient-Centered Outcomes Research
Institute (PCORnet), Informatics for Integrating Biology and the Bedside (i2b2) (both organizing
CDMs), and the Observational Medical Outcomes Partnership (OMOP) CDM (a pre-configured rules
system) can increase their interoperability and decrease latency through the use of FHIR standards
while supporting both data science and application deployment research.

solution developers should be cognizant of the “messi-
ness” of data in the real world and be careful not to de-
velop models which are dependent on a ideal datasets
(41-43).

Datasets must be reliable, dependable, and valid,
meaning that the findings and insights gained from
analysis can be trusted, are reproducible, and accurate
through routine rules and constraints. Common meas-
ures of data quality also include conformance (e.g.,
does the data match the intended format), complete-
ness (e.g., how frequently information is missing), and
concordance (e.g., how well does the data agree across
sources or expected parameters) (43, 44). A dataset
mustalso be plausible, both temporally and atemporally
(44). For example, a record indicating that a patient’s
height shrunk 6 inches over the first 48 hours could
violate temporal plausibility rules, while an atemporal
violation might exist for an adult’s height documented
as 10 inches. Furthermore, unit harmonization ensures
data conforms to a canonical unit without sacrific-
ing data integrity (41). A dataset must meet specified
thresholds for both missingness and conformance to

Critical Care Explorations

consistently and reliably
translate or transform
the data to be analyzed
together (45). In other
words, systems of data
collection and storage are
interoperable with each
other when they each contain sufficient granularity to
facilitate harmonization. Interoperability, then, is not
a static attribute or accomplishment of a given dataset
or source, but rather a metric deeply dependent on the
context of each specific research question (46).
Interoperability can be improved through the adop-
tion of CDE or harmonization efforts but should be
considered separately (47). For example, blood pres-
sure (BP) is an essential element/variable to include in
almost any critical care study and may refer to any of
three measurements (systolic BP, diastolic BP, or mean
arterial pressure) and that different collection meth-
ods are available (e.g., manual auscultation, automated
BP cuff, arterial line). Patient position and anatomy,
equipment (e.g., size of cuff or arterial line patency),
and a variety of clinical factors and medications influ-
ence these measurements. While a well-defined CDE
could be adopted across all studies capturing BP, this
may not always be possible, especially for studies that
are already completed (47). In extracted EHR data,
vocabularies and terminologies (e.g., LOINC) help
capture most of the necessary data for BP, however,

eroperability Resources (FHIR)

www.ccejournal.org
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the standardized vocabularies do not exist to harmo-
nize data a priori in all cases, especially in emerging
fields such as genomics, imaging, or waveform data.
Interoperability is still possible when the system of data
capture and storage facilitates exploration of sufficient
granularity and nuance leveraging other interopera-
bility approaches such as ontologies (10). Ultimately,
the context of a study dictates the level of detail needed
to ensure interoperability.

Data Access, Sharing, and Governance

Linked with digital infrastructure are the concepts of
data access, sharing, and governance. High impact
data is organized and curated to support appropriate
use of said data for research, evaluation, and quality
improvement efforts.

Data access is normally split into three tiers,
which include fully identified, limited identifica-
tion, and de-identified data (48-50). A fourth tier
is sometimes provided—synthetic data. Such tiers
help protect patient privacy and compliance with
federal requirements (e.g., HIPAA and General Data
Protection Regulation [GDPR]) by limiting access
to sensitive protected health information (PHI)
while providing comparable data access to support a
wide range of analyses. Data access tiers need to be
carefully designed and operationalized based on the
specific subject matter requirements, Institutional
Review Board oversight for identifiable or HIPAA-
limited data, and consent for secondary data use.
Researchers should avail themselves of expert opin-
ions to determine the risk of re-identification, even
when PHI is removed (51, 52).

Fundamentally, data governance is about who makes
decisions for data access and how they are made. Many
models exist, including those focused on who is pro-
viding the data or patient consent, but transparency
and version control are essential to the success of any
data sharing initiative.

To promote participation and collaboration,
many large-scale data collection efforts include
attribution and publication requirements. For in-
stance, the SCCM Discovery Viral Infection and
Respiratory Illness Universal Study COVID-19
registry required all ancillary studies to include
co-authors from sites contributing the largest pro-
portions of patients (53).

8 www.ccejournal.org

Ethics and Equity

Underpinning all other topics, careful attention must
be paid to questions of ethics and equity. All data users
must be aware of how clinical data can be (and has
been) used to directly and indirectly harm patients,
populations, and groups. Further, it would benefit
researchers and patients to consider adopting a cul-
ture of transparency and extensively communicating
the intended use of data (54, 55). Ethical stewardship
of data demands transparency, informed consent, and
safeguarding of patients’ privacy, while equity neces-
sitates the deliberate inclusion of diverse populations
to ensure applicability of research findings across di-
verse demographics. Regulations including the HIPAA
and GDPR provide broad frameworks for protecting
patient privacy. However, incomplete alignment of
these policies limits international data sharing, and
heterogeneity in interpretation may leave patients vul-
nerable (54, 56, 57). Emerging technologies, specif-
ically distributed ledgers (e.g., blockchain) offer the
promise of new approaches to balancing the power dy-
namic between patients and data holders (58). While
patients are generally supportive of their data being
used for many purposes (12), greater transparency
and improved oversight are clear priorities (59, 60).
Guiding principles on the use of EHR data are impera-
tive for protecting patients’ rights and maintaining the
scientific integrity of research and outcomes.

FUTURE DIRECTIONS

This primer for the critical care community serves as
the foundation applying data science methodologies
to datasets. These concepts help in extracting valuable
insights from data, embodying a set of core principles
guiding this process. Using this foundation, data min-
ing techniques such as machine learning can be em-
ployed to extract knowledge from datasets. Additional
emerging technologies can also be further assessed
and validated by the community—from confidential
computing modalities (e.g., zero knowledge proofs,
homomorphic encryption), to federated learning and
collaborative computing (i.e., data stays at rest and
compute is sent to data) to blockchain and distributed
ledger technologies for tracking data provenance and
use (61). Furthermore, domain expertise plays a cru-
cial role, particularly in critical care, as it entails a deep
understanding of real-world clinical challenges and

November 2024 « Volume 6 « Number 11
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patient care dynamics. This primer serves as the basis
to contextualize the application of data science meth-
odologies to healthcare issues, enhancing their efficacy
and relevance.

Because it is the nature of scientific and clinical re-
search to continuously evolve, standards must there-
fore also avoid stagnation. Furthermore, adherence to
data standards is crucial for regulatory compliance,
contributing to patient safety. Robust standards pro-
mote and facilitate data sharing and more rapid, larger
scale research to advance clinical care, an essential step
toward the creation of national clinical registries for
critical care (62).

The rapid advancement of data science in critical
care necessitates the creation and maintenance of liv-
ing documents and guides promoting best practices for
critical care researchers. As data science continues to
evolve rapidly in critical care, there is a growing need
for dynamic guidance that promotes best practices
among clinicians and researchers. The living guidance
document can rapidly adapt to the changing landscape
of the critical care data science environment. Critical
care clinicians are encouraged to actively engage in the
SCCM Community to contribute and further evolve
these standards. The SCCM’s effort through its data
science activities are a collective stakeholder effort to
help shape and influence the future of data science in
critical care, to ensure that the data standards effec-
tively meet the diverse needs and perspectives within

the field.
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